INTRODUCTION
A detailed characterization of the soil-vegetation system (e.g. soil water content, actual evapotranspiration and vegetation biomass) is needed to improve the application of hydrological models for water management at watershed-to farm-scale applications (e.g. runoff assessment and irrigation scheduling). At the farm scale, the information about actual soil water content is useful to calibrate mass and surface energy balance models, thus providing unique insight for optimizing irrigation practices and avoiding water resource misuse.
Several methods have been proposed to infer soil water content by using remote sensing in the visible, infrared, and thermal infrared ranges (Xue and Cracknell 1995 , Gillies et al. 1997 , Maltese et al. 2010 , Minacapilli et al. 2012 , Maltese et al. 2013a , 2013b . Unfortunately, cloud cover reduces the effective temporal resolution of optical observations; moreover, the typical spatial resolution of satellite thermal data (lower than ∼100 m) is often not suitable to characterize the land fragmentation (average plot size within the study area ∼280 m) meaning that remote sensing applications for crop monitoring often require ad hoc airborne thermal acquisitions.
Synthetic Aperture Radar (SAR) uses active all-weather sensors (Jackson et al. 1996 , Haider et al. 2004 , and thus can overcome the limitation of passive optical and thermal imaging. Several new SAR missions have been launched or are planned: ALOS-PALSAR (Japan Aerospace Exploration Agency, Japan); COSMO-SkyMed 1 and 2 (Italian Space Agency, Italy); TerraSAR-X and TerraSAR-X2 (German Aerospace Centre, DLR, and EADS Astrium joint venture, Germany); SeoSAR PAZ 1 and 2 (Hisdesat Servicios Estratégicos SA, Spain); Sentinel 1 (Europe, European Space Agency); Radarsat RCM (Canadian Space Agency, Canada) and Kompsat 5 (Korea Aerospace Research Institute, Korea).
These new SAR missions (acquiring at X, C or L bands) are characterized by dual polarization, short revisit time (from 12 h to ∼10 days) and high spatial resolution (from less than 1 m to 100 m). These are ideal characteristics for reliable acquisitions in operational crop monitoring applications (Capodici et al. 2013 ) making these sensors equally suitable for soil moisture retrieval, even at farm scale.
The dependence of MW backscattering, σ • (-), on both target water content and geometry remains an issue to be addressed. The assessment of the surface water content of bare soils from SAR needs precise a priori knowledge of surface roughness; however, simplified empirical approaches to assess water content of bare soils are widely used within the scientific community (Moran et al. 2000 , Baghdadi et al. 2002 , Sahebi et al. 2003 , Haider et al. 2004 , D'Urso and Minacapilli 2006 . Theoretical, semi-empirical and empirical models have been proposed by different authors (Fung et al. 1992 , 1994 , Oh et al. 1992 , Dubois et al. 1995 . Backscattering models able to assess soil surface water content were initially implemented only for bare soil characterized by random roughness; this is due to the difficulty in separating soil and vegetation components of σ
Across vegetated areas, σ • is dependent on "morphology" characteristics of the soil-vegetation system (e.g. soil roughness and fractional cover, height, biomass and structure of the vegetation), on dielectric properties and on SAR acquisition parameters (e.g. wavelength, polarization, and incident view angle).
Approximate empirical approaches are based on the increase of σ
• with biomass according to a power-law relationship retrieved from field data (Ulaby et al. 1986a) . Empirical models simulate the backscattering behaviour of a single plant. It has been observed that the backscatter becomes insensitive to biomass increase once a threshold (saturation level) has been reached. Other models based on polarization ratios are widely used for practical applications (e.g. Dobson et al. 1992 , Pierce et al. 1993 , Ranson and Sun 1994 , Imhoff 1995 , D'Urso and Minacapilli 2006 , since polarization ratios were found to be very sensitive to vegetation. Semi-empirical models, such as the so-called water cloud model (Attema and Ulaby 1978 , Bindlish and Barros 2001 , Gherboudj et al. 2011 , aim to evaluate σ
• as the sum of two incoherent contributions: σ • s and σ • v . The required calibration with intensive in situ measures, e.g. leaf area index (LAI), soil water content, vegetation biomass water content and soil roughness, severely restricts the operative applicability of these models. Another method to retrieve soil water content over vegetation is based on the hypothesis that for a given antenna configuration the ratio of the soil surface scattering over the measured σ
• is primarily influenced by vegetation (Joseph et al. 2010) .
In theoretical models, the vegetation canopy is usually assumed to be a uniform layer of some specified height containing a random distribution of scatterers (Attema and Ulaby 1978 , Fung and Ulaby 1978 , Tsang and Kong 1981 , Lang and Sidhu 1983 , Eom and Fung 1984 , Karam and Fung 1988 , Marliani et al. 2002 , whilst the vegetation layer is described as a discrete or a continuous medium.
These theoretical backscattering models (e.g. Karam and Fung 1988) require an accurate in situ characterization of the soil-vegetation system. Critical limitations of theoretical scattering models over vegetated areas are due to the assumptions on the scatterers' characteristics (Lang and Sidhu 1983 , Eom and Fung 1986 , Fung et al. 1987 , Karam and Fung 1988 , McDonald et al. 1991 and acquisition frequency Fung 1983, Le Vine et al. 1985) . Some models account only for leaves but not for branches (Karam and Fung 1983 , Lang and Sidhu 1983 , Eom and Fung 1986 , Fung et al. 1987 ; conversely, others account for branches and the soil surface, but not for leaves (Karam and Fung 1988) . Thus, backscattering models need knowledge of the architecture of the vegetation, which plays an important role in determining the observed coherent effects (Yueh et al. 1992) . The two major challenges of modelling the canopy backscatter are: (a) the difficulties in specifying model parameters describing the canopy; and (b) the mathematical complexity in resolving the inverse problem due to the large number of variables and parameters (Lang and Sahel 1985) .
This research introduces the coupling of the semi-empirical modelling approach proposed by Dubois et al. (1995) with the Polarimetric SemiEmpirical Model (Oh et al., 2002) , hereafter called the Dubois and PSEM models, respectively. The proposed model, called the Semi-Empirical Coupled (SEC) model, couples these two models' best performances in simulating σ
• in like-polarizations HH and VV, and cross-polarization VH (σ • HH , σ • VV , σ • VH ) over the studied crops. This coupling concept was developed with the aim of simultaneously retrieving both surface water content and surface roughness, so avoiding the use of in situ measurements.
In particular, the Dubois model, which can well describe the like-polarization ratio, p (p = σ
• HH /σ • VV ) (-), was integrated with σ • VH modelled by PSEM. The combined SEC model was then applied to a multi-polarized SAR data set collected in L band (∼21 cm wavelength). SAR images, acquired between April and August 2006 in Germany, cover the whole phenological cycle of wheat, rape, barley, maize and sugar beet. The accuracy assessment of the proposed approach was carried out by using in situ measurements of bare soil roughness and soil water content.
METHOD: A SEMI-EMPIRICAL COUPLED MODEL-SEC
Canopy structure and biomass affect σ (Ulaby et al. 1986b , Gherboudj et al. 2011 . Several other parameters can also characterize σ • ; thus, the relationship between in situ vegetation fractional cover F v (-), LAI (m 2 m -2 ) and soil water content m v (m 3 m -3 ) with σ • was investigated. Regression analyses were used to evaluate how backscattering and polarimetric variables are correlated with characteristics of the soil-vegetation system such as: F v , LAI and m v . The analyses included σ • statistics, correlations, spectral signatures and polarimetric variables (such as mean scattering angle, entropy, and anisotropy).
Model selection
From the models available in the literature, a preliminary selection was made to determine those more suitable to represent backscattering of soil and vegetation over the study area. Thus, four backscattering models: Oh et al. (1992) , Dubois, PSEM and the Integral Equation Model (IEM; Fung et al. 1992) were run for different crops using both in situ roughness and soil water content measurements for the whole time series. Simulated and experimental-SAR (E-SAR) actual data were compared through the linear regression method. Finally, the models providing closest agreement with measured σ
• over the study area, the Dubois model (accounting for like-polarized data) and the PSEM model (accounting for crosspolarized VH), were chosen to be integrated.
The above-mentioned models simulate different variables. The Oh et al. (1992) and IEM has been inverted to retrieve ε . Obviously, ε can be retrieved by the former models using in situ soil roughness measurements by implementing an iterative model. The IEM model was also tested because, in principle, it can be applied to areas characterized by a high range of variability in surface roughness and soil water content. IEM is strongly influenced by the combinations of root mean square (RMS) height and autocorrelation length function (according to Le Toan et al. 1999 , Baghdadi et al. 2000 , Löw 2004 ), which should be accurately known a priori. A procedure not requiring in situ data would therefore be desirable, and to this aim the Dubois and PSEM models were coupled.
Description of selected models
The Dubois model simulates HH and VV polarizations as follows:
where θ is the incidence angle (rad), ε is the real part of dielectric constant (-), h the RMS height of the bare soil surface (m), λ the wavelength (nm), and k the wave number (k = 2π/λ) (m -1 ). Accurate soil water content obtained using the Dubois mode was retrieved by researchers (e.g. Dubois et al. 1995, Neusch and Sties 1999) on bare and sparsely-vegetated areas (NDVI < 0.4). The model has a range of validity for frequencies varying between 1.5 and 11 GHz, incidence angles θ ≥ 30
• , roughness parameters kh ≤ 2.5 and soil water content lower than 25-30%.
The second coupled model, the PSEM, was developed using truck-mounted scatterometer measurements and airborne SAR images, and it allows retrieval of σ
• for random bare and low vegetated surfaces. The PSEM results agree with experimental observations (over a wide range of soil surface conditions) simulating the relationship between soil characteristics and σ • for a wide range of surface roughness, under natural conditions.
In particular, σ • VH is modelled as a function of both h and m v :
Similar to the Dubois model, the PSEM model agrees with experimental observations over a wide range of soil surface conditions: 0.04 < m v < 0.291 m 3 m -3 , 0.13 < kh < 6.98 at 10 • ≤ θ ≤ 70 • .
Model coupling
As a first step, the Dubois equations were combined to retrieve ε as a function of the like-polarization ratio, p, by rationing the HH and VV formulae and reorganizing the terms as follows:
where A = 0.398 is retrieved by rationing coefficients 10 -2.75 and 10 -2.35 of the Dubois model, and B = 0.046, C = 1.100, D = 0.028 and E = 1.400 are dimensionless coefficients of the Dubois model (see equations (1) and (2)). Equation (4) provides the relationship between the dielectric constant at a given wavelength, the surface roughness h , and the SAR backscattering (through p). To determine equation (4), the PSEM model was chosen to evaluate the roughness parameter h . The PSEM model simulates the value of σ • VH for a surface of known dielectric behaviour; to this aim, ε was converted into a water content function m v = f (ε ), by also taking into account the soil texture, as suggested by Dobson et al. (1985) . The equation obtained by coupling the input models, σ
where F = 0.11 is a dimensionless coefficient, and γ and α are the two dimensionless Dobson fittingparameters to be determined for each pixel as a function of soil texture. The unknown roughness, h , was obtained through a finite difference iterative solution. Given a starting roughness value, h 0 , for each coordinate, a first iteration starts. Within the cycle, the actual values of p(x,y) and θ(x,y) are used, and the σ • VH (x,y,n) resulting from the n-iteration is compared with the σ • VH (x,y,n-1) solution. The h M differs from the one defined within both PSEM and Dubois (h ) because it is now an output of the coupling procedure and not an input data (thus, it does not need to be measured). h M was derived over bare soil or sparsely vegetated pixels according to the range of validity of the models.
Moreover, because the h M was obtained through a finite difference iterative solution applied to the σ • vh equation (correlated also to vegetation biomass), we tested whether, in the latter case, h M can be roughly interpreted as the roughness perceived by Radar over a soil-vegetation system, thus including some vegetation effect. A regression analysis between h M and an optical vegetation index was carried out to support this hypothesis. According to the validity regions of the coupled model, the SEC model can be applied to bare or sparsely vegetated areas, despite these application limits. The SEC model has been applied over crops characterized by higher F v aiming to quantify the SEC errors in soil water content assessment, m v,SEC , with higher vegetation biomass and, eventually, to evaluate whether h M accounts for some vegetation effect.
MATERIALS

Study area and ground measurements
The research was conducted on the Görmin farm located in the northeastern part of the Durable Environmental Multidisciplinary Monitoring Information Network (DEMMIN) test-site (24 km 2 ) in Germany. Görmin has an average elevation of about 60 m a.s.l., and it is a flat area with small topographic variations. The main soil textures are sandy loam and loamy sand. The crop rotation includes wheat (field 230 and 250), rape (101, 140) barley (440, 450), maize (222) and sugar beet (102, 460); only two small areas are covered by forest (Fig. 1) .
Data
Data were acquired as part of the European Space Agency ( 
Airborne data
Three airborne sensors acquired data for bio-and geophysical parameter estimation. Images were acquired in two flight directions (north-south and east-west); however, most of the Radar acquisitions (around 10-km-long and 3-kmwide) throughout the vegetation period were carried out in the east-west direction.
Two different passive sensors acquired thermal and visible/near infrared (VIS/NIR) images over the Görmin area: the Airborne Hyperspectral System (AHS) and the Compact Airborne Spectrographic Imager (CASI). The 80-band AHS line-scanner radiometer was installed onboard the Instituto Nacional de Tecnica Aeroespacial (INTA) aircraft (CASA C-212) and integrated with an INS/GPS POS-AV 410 from Applanix. Images collected by these two passive sensors were calibrated using in situ Analytical Spectral Devices (ASD) spectral reflectances collected by Jena University and Università Federico II (UNINA) teams.
The Deutsches Zentrum für Luft-und Raumfahrt -Hochfrequenztechnik und Radarsysteme (DLR-HR) operates the Experimental multi-frequency, multipolarization Synthetic Aperture Radar (E-SAR) system, onboard a Do228 aircraft at various operational acquisition modes (Table 1) .
Of the 16 E-SAR flights carried out, only the 12 east-west flights from 19 April to 2 August were processed within this research. Processed images were collected at L-band (21 cm wavelength) in HH, VV, and HV polarizations.
To ensure high quality E-SAR images, six corner reflectors were set up in the test site allowing digital terrain elevation modelling of the whole Görmin site. Four of these reflectors were kept fixed on the site during the whole data acquisition period. The DLR-HR used these corner reflectors to measure radiometric accuracy to ±2 dB for all 10 acquired bands (X, C, and L).
3.2.2
In situ data Simultaneous to the Radar acquisitions, soil water content m v (0-5 and 5-10 cm depth), soil surface roughness (RMS height and tortuosity), vegetation height, ground photos, vegetation biomass (wet and dry conditions through vegetation cutting and weighting), phenology, LAI, etc., were acquired by the research teams for a total of 16 ground measurements campaigns: three measurements were collected over each plot using a LICOR-2000 for LAI (measured data are within a 90-95% confidence interval), a portable IMKO TRIME-FM TDR (maximum error at 0.25 m 3 m -3 is 0.05 m 3 m -3 ; TRIME-FM User Manual 2001) for the soil water content, a laser profiler and a Rollei d7 metric digital stereoscopic system for RMS height and tortuosity (providing a Digital Surface Model with an RMSE of 1.6 mm) (Marzahn and Ludwing 2009a) .
Three intensive campaigns of in situ measurements were also carried out:
-18-20 April, campaign dedicated to soil samples and installation of permanent stations collecting soil water content measurements, weather variables, and atmosphere samples; -05-08 June: campaign dedicated to vegetation and atmosphere samples, and -03-08 July: campaign dedicated to vegetation and atmosphere samples.
Moreover, a soil water content station with TDR soil moisture probes (IMKO TRIME-ES, theoretical accuracy of ±0.01-±0.03 m 3 m -3 , TRIME-ES Manual 2001) was installed from the Ludwig-Maximilians Universitat München (LMU) and the University of Kiel on fields 102 (sugar beet) and 250 (wheat) during the first measurement campaign carried out in April. A more detailed description of the AGRISAR 2006 airborne and in situ measurements is available on the ESA and DLR web sites. Table 2 shows the acquisition dates of E-SAR images and in situ measurements.
RESULTS
Data analysis and models comparison
The regression analysis between σ
• and canopy geometric properties demonstrated: (a) a strong relationship between the measured like-polarization ratio, p, and vegetation fractional cover, F v ; and (b) σ • H values on sugar beet and wheat fields that tend to be negligible for very low F v and high for dense vegetation (Capodici et al. 2009 ).
The correlation analysis showed that crosspolarized σ Because σ • pp and σ • pq are sensitive, respectively, to physical (target geometry) and dielectric properties of the surfaces, the integration of σ • VV , σ • HH , and σ • VH models could be used to account for geometric and dielectric σ • contributions, thus quantifying surface roughness and soil water content, respectively. The regression analysis at L band shows that p is weakly and inversely related to LAI (Fig. 2(a) ), whereas a higher and positive correlation was found between σ • VH and LAI (Fig. 2(b) 
versus σ • L,VH . Over bare soils, a total of 54 relationships (9 groups, 2 soil variables, 3 fields) were investigated. 
Only five (≈9%) were characterized by r 2 > 0.7. Over vegetated areas, starting from these 405 relationships (9 groups, 5 soil-vegetation variables, 9 fields), 36 relationships have not been calculated due to lack of in situ data; whereas only 13 (≈3.5%) were characterized by r 2 > 0.7. Table 3 shows both the positive and negative total occurrences found for bare and vegetated plots (left and right panels, respectively). Note that even if relationships have been calculated over vegetated areas some negative occurrences between m v and σ • versus σ • have been observed for groups involving the L band.
In the second case (ii), polarimetric variables were calculated on the L band only, the only singlelook-complex (SLC) data set available. Over bare soils, a total of 24 relationships (4 groups, 2 soil variables, 3 fields) were investigated. Only seven (≈29%) were characterized by r 2 > 0.5. Over vegetated areas, starting from these 180 relationships (4 groups, 5 soil-vegetation variables, 9 fields), 12 relationships have not been calculated due to unavailability of in situ data; whereas only seven (≈4.2%) were characterized by r 2 > 0.5. Positive occurrences were found for m v versus α, E and φ HH-VV . Over vegetated areas, a negative refers to comparison between F v and φ HH-VV . Concerning H V , negative occurrences were found for α and E. The LAI induces positive occurrences for SPAN, α and φ HH-VV . However, Performances of the four backscattering models were evaluated using a linear regression method. The models were applied using h and m v measured in situ in bare and sparsely vegetated plots (in fields 102 and 460 until 25 July, and in field 222 until 7 June). The Oh et al. (1992) (Fig. 4) .
Surface roughness retrieval
Soil roughness modelled by SEC was validated using in situ measurements of two variables: h and the tortuosity index, T b (-); the latter is defined as the ratio between the three-dimensional surface of the soil, 3D A (cm 2 ), and its vertical projection, 2D A (cm 2 ) (Taconet and Ciarletti 2007) .
Variables h and T b were measured by LMU using photogrammetric imaging techniques (Marzahn (Fig. 5) .
Values of h and T b collected over bare soils (fields 102-460, 230-250, 222 and 440-450) during the period 19 April-26 July were processed to validate h M as derived by SEC (Fig. 6 ). Because h M represents the roughness of the soilvegetation system, a regression analysis with NDVI was carried out. A scatter plot between h M and NDVI (Fig. 7) for maize shows that h M increases from April to August with a peak in July, according to the NDVI. The linear regression line is characterized by r 2 = 0.78. A small gap at approximately 0.45 is due to NDVI unavailability in June.
Surface water content retrieval
The SEC model was applied on bare soil according to its range of validity, and then its performance was tested even over moderately vegetated areas. For each acquisition, the SEC model provided the spatial distribution of both soil ε and m v (the latter derived after taking into account the soil texture). The comparison was performed in terms of averaged field data of both m v retrieved by SEC (m v,SEC ) and actual m v (m v,meas ); in addition, because the reference penetration depth, corresponding to the estimated ε (see Ulaby et al. 1986) , ranges between 6 and 9 cm, modelled m v were validated with averaged Time Domain Reflectometry (TDR) measurements taken at 0-5 and 5-10 cm depths (Fig. 8) .
A comparison of m v,SEC versus m v shows high r 2 on bare soil (∼0.85) and on sugar beet (∼0.9) with moderate offset values of 5.6 and 8, respectively, and show any significant correlation with in situ data (m v,meas ), probably due to the high vegetation biomass characterizing these crops during the whole period under investigation (especially for rape crops). The data (Fig. 8, right panel) are characterized by linear trends (equation (6)):
where parameters and K weakly depend on crop type (Table 4) .
The residual m v,SEC for null m v , meas , κ, is probably due the underestimation of h . As expected, parameters of the linear regression between m v , meas and m v,SEC depend on F v , confirming that the model can be applied only for sparsely-vegetated areas according to Dubois et al. (1995) . Figure 9 shows a pixel-wise comparison between m v , meas and m v,SEC for three F v classes (over sugar beet fields). The range of validity has been assumed as the most limiting conditions of both coupled models. Some m v,SEC values go beyond the model validity range, ranging between the residual water content (∼0.03 m 3 m -3 ) as the lower limit and a water content value of about 0.25 (m 3 m -3 ) as the upper limit. Over the upper limit, the dispersion of m v,SEC strongly increases, probably due to the well-known backscattering saturation phenomena with high water content Fung 1988, Wang et al. 1997) . For high F v and low m v , meas , the dispersion tends to be sub-horizontal; incorrectly assessed water content could be attributed to the underestimation of h . The r 2 increases to ∼0.6 with a gain close to 1 (∼0.9) and a negligible offset (∼0.03), when limiting the comparison to the validity region, thus confirming the reliability of m v,SEC .
Finally, the temporal comparison among estimated m v and those observed by a TDR100 station within field 102 (Fig. 10) were determined. The temporal trend of m v is well reproduced during the whole phenological phase of sugar beet fields, even at the beginning of the growing stage in June (crop height was ≈5 cm and F v ≈ 0.02) and reaching the maximum fractional cover in July (F v ≈ 0.4). Even over low F v (≤0.4), no noteworthy differences between m v measured below vegetation and simulated values were obtained; the mean error was −0.0065, whereas the RMSE was 0.033. 
CONCLUSIONS
This study presents a novel approach, a coupled model called SEC, to overcome the need for in situ data to assess surface roughness and soil moisture. SEC integrated the Dubois and PSEM models that performed best in simulating σ
• pp and σ • pq , respectively (Dubois modelled σ • HH and σ • VV with r 2 ∼ 0.7 and 0.6, respectively; PSEM modelled σ • VH with r 2 ∼ 0.8); both models overestimate σ • . Soil roughness h is described by h M to highlight its depiction of soil-vegetation roughness as perceived by Radar. The validation showed that h describes moderately well the measured h (r 2 ∼ 0.5), even if the linear regression line is far from 1:1 (b = 0.30); the low determination coefficient is due to a maize field characterized by m v higher than the upper limit of validity of the original models; removing these data improves r 2 up to ∼0.8.
Retrieved values of m v were compared with in situ measurements; m v retrievals were validated with TDR measures taken in the upper part of the soil (0-10 cm). Modelled m v on bare soils slightly overestimates averaged measured values (RMSE ∼ 0.02, r 2 ∼ 0.85).
The modelled spatial distribution of m v (at the typical aggregated pixel resolution of satellite images, 20 m) is accurate on plots characterized by low F v , (< ∼0.4) such as the sugar beet (r 2 ∼ 0.9), whereas it roughly describes m v in fields characterized by higher F v , i.e. maize and wheat plots (r 2 ∼ 0.4 and ∼ 0.5 on maize and wheat, respectively). By limiting m v within the validity range of the model, the correlation increases to r 2 ∼ 0.6, with a regression line close to the bisector line (a ∼ 0.9) and a negligible offset (b ∼ 3). Finally a diachronic analysis highlights that the temporal trend of m v in a field characterized by low F v (sugar beet field) slightly underestimates measured values (mean error = −0.0065 and RMSE ∼ −0.03). The comparison between measured and modelled soil water content revealed a high agreement for bare and low-moderate vegetated soils; within the SEC model validity region, high correlations between measured and modelled m v were found, thus confirming the reliability of the SEC assessments.
